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The current study presents an application of Diffuse Reﬂectance Infrared Fourier Transform Spectroscopy
for detection and quantiﬁcation of fraudulent addition of commonly employed adulterants (spent coffee
grounds, coffee husks, roasted corn and roasted barley) to roasted and ground coffee. Roasted coffee
samples were intentionally blended with the adulterants (pure and mixed), with total adulteration levels
ranging from 1% to 66% w/w. Partial Least Squares Regression (PLS) was used to relate the processed
spectra to the mass fraction of adulterants and the model obtained provided reliable predictions of
adulterations at levels as low as 1% w/w. A robust methodology was implemented that included the
detection of outliers. High correlation coefﬁcients (0.99 for calibration; 0.98 for validation) coupled with
low degrees of error (1.23% for calibration; 2.67% for validation) conﬁrmed that DRIFTS can be a valuable
analytical tool for detection and quantiﬁcation of adulteration in ground, roasted coffee.
& 2013 Elsevier B.V. All rights reserved.1. Introduction
Coffee is one of the most widely traded food products and the
world's second largest industrial commodity [1]. Such highly-
priced commodities are usually a target for adulteration, and
ground, roasted coffee, whose appearance can easily be repro-
duced by roasting and grinding a variety of materials, is rather
vulnerable to this type of adulteration [2]. The major adulterants of
coffee include by-products of coffee processing such as coffee
husks, parchment, spent coffee grounds, cheaper grains (barley,
corn, soybean, maize and others), and lower quality coffees [1–5].
Some recent studies have targeted the detection of coffee
husks and roasted grains in ground, roasted coffee and instant or
soluble coffees [2,6–9]. Although effective, the methods employedll rights reserved.
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demec.ufmg.br.(A.S. Franca)(gas chromatography–mass spectrometry, high performance liquid
chromatography, high performance anion-exchange chromatogra-
phy with pulsed amperometric detection, and solid phase micro-
extraction) were time demanding, expensive, laborious, and, in
most cases, not appropriate for routine analysis.
Over the last decades, the need for new and rapid analytical
methods in the ﬁeld of food adulteration has prompted extensive
research on spectroscopic methods, such as near infrared spectro-
scopy (NIRS), Raman spectroscopy (RS) and Fourier Transform
Infrared (FTIR) spectroscopy [10–12]. Recent applications of such
methods to coffee quality analysis include discrimination between
Arabica and Robusta species [13,14], discrimination between high
and low quality coffees [4,15–17] and discrimination between pure
and adulterated coffee samples [1,5]. Ebrahimi-Najafabadi et al. [1]
employed NIRS for the identiﬁcation and quantiﬁcation of the
fraudulent addition of barley to ground, roasted coffee samples.
The authors employed different species of coffee (pure Arabica,
Robusta and mixtures), with different degrees of roast, and four
types of barley at adulteration levels ranging from 2% to 20% w/w
of barley. Genetic algorithms were used to determine the spectral
regions that would be most useful for identifying the adulteration
of coffee with barley. The models presented excellent predictive
abilities, with quite low root mean square errors for both calibra-
tion (1.4%) and validation (0.8%) sets. The feasibility of applying
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for detection of adulteration of coffee was established in a recent
study [5]. Two different types of adulterants (roasted coffee husks
and roasted corn) were mixed with roasted Arabica coffee under
different roasting conditions (light, medium and dark roasts and
roasting temperatures ranging from 200 to 260 1C). Linear Discrimi-
nant Analysis (LDA) was employed to construct classiﬁcation models
that were able to discriminate between pure coffee and mixtures of
coffee, corn and coffee husks. Such models were able to provide
complete discrimination (100% recognition and prediction) between
pure coffee and adulterated coffee samples at adulteration levels of
10% and above.
It is clear from these studies that spectroscopic techniques offer
promise for the detection of adulteration in ground, roasted coffee.
However, in the aforementioned studies, only one or two types of
adulterants were evaluated, and, the models are only applicable
for these speciﬁc adulterants. A larger variety of adulterants
should be employed when attempting to quantify the adulteration
levels to obtain more representative and, therefore, more widely
applicable models. In the present study, we sought to conﬁrm the
potential of DRIFTS for the detection of multiple adulterants in
ground, roasted coffee. The adulterants were coffee by-products
(roasted coffee husks and spent coffee grounds) and roasted grains
(corn and barley). A Partial Least Squares Regression (PLS) was
employed to construct models for the prediction of the levels of
adulteration in coffee samples.Table 1
Mass composition of adulterated coffee samples.
Sample Adulteration
level
Mass fraction (%)
Coffee Spent coffee
grounds
Coffee
husks
Barley Corn
1 66 33.3 33.3 33.3
2 50 50 50
3 50 50 50
4 40 60 10 10 10 10
5 40 60 20 20
6 40 60 20 20
7 20 80 5 5 5 5
8 20 80 10 10
9 20 80 10 10
10 10 90 5 5
11 10 90 5 5
12 10 90 3.33 3.33 3.33
13 10 90 10
14 10 90 10
15 10 90 10
16 10 90 10
17 1 99 1
18 1 99 1
19 1 99 1
20 1 99 12. Experimental
2.1. Samples
Green Arabica coffee (Coffea arabica), barley and corn samples
were acquired from local markets. Coffee husks (residue obtained
after dehulling dried coffee beans) were provided by the Minas
Gerais State Coffee Industry Union (Sindicato da Indústria de Café
do Estado de Minas Gerais, Brazil). Spent coffee grounds were
provided by a local soluble coffee manufacturer (Café Brasília,
Minas Gerais, Brazil) and kept frozen (−12 1C) until needed.
Spent coffee grounds (three lots of 2 kg each) were defrosted (18 h
at 25 1C) and washed with distilled water to remove impurities. Three
200 g samples were randomly selected from each lot and submitted
to drying in a convection oven (Model 4201D Nova Ética, SP, Brazil) at
100 1C for 5 h to reduce the moisture content to that of ground
roasted coffee (∼5 g/100 g). Coffee beans (50 g), coffee husks (30 g),
barley (50 g) and corn samples (30 g) were submitted to roasting in a
convection oven (Model 4201D Nova Ética, São Paulo, Brazil) at 200,
220, 240, 250 and 260 1C. The samples were ground (Do0.85 mm)
after roasting and submitted to color evaluation. Color measurements
were performed using a tristimulus colorimeter (HunterLab Colorﬂex
45/0 Spectrophotometer, Hunter Laboratories, VA, USA) with standard
D65 illumination and normal colorimetric observer angle of 10o.
Measurements were based on the CIE Lnanbn three-dimensional
cartesian (xyz) color space represented by Luminosity (Ln), ranging
from 0 (black) to 100 (white) – z axis; parameter an, representing the
green–red color component – x axis; and parameter bn, representing
the blue–yellow component – y axis. Previous studies [2,5,18] have
shown that the degree of roast will be dependent on the type of
sample and on the roasting temperature. Preliminary tests showed
that it would take higher temperatures (over 240 1C or 250 1C) to
roast corn and barley, whereas coffee husks required milder proces-
sing conditions (temperatures equal to or below 240 1C). Therefore,
roasting conditions were established for each type of sample accord-
ing to the results of luminosity (Ln) measurements. Previous studies
have shown that Ln can be employed as a reference of roasting degree,
given that darker roasts will result in coffees with smaller values ofluminosity [5,18]. Degrees of roasting were then deﬁned by compar-
ison with commercially available coffee samples (19.0oLno25.0)
as light (23.5oLno25.0), medium (21.0oLno23.5) and dark (19.0o
Lno21.0) roasts.
2.2. FTIR analysis
A Shimadzu IRAfﬁnity-1 FTIR Spectrophotometer (Shimadzu,
Japan) with a Deuterated Triglycine Sulfate Doped with L-Alanine
(DLATGS) detector was used for the measurements that were all
performed in a dry, controlled atmosphere at room temperature
(2070.5 1C). Diffuse reﬂectance (DR) measurements were per-
formed in diffuse reﬂection mode with a Shimadzu sampling
accessory (DRS8000A). Each sample was mixed with KBr, and
23 mg of this mixture was placed inside the sample port. Pure KBr
was employed as the reference material (background spectrum).
All spectra were recorded within a range of 4000–400 cm−1 with
4 cm−1 resolution and 20 scans, and submitted to subtraction of
background (pure KBr spectra). They were also truncated to 2500
data points in the range from 3200 to 700 cm−1 to eliminate noise
present in the upper and lower ends of the spectra. Preliminary
tests were performed to evaluate the effect of particle size
(0.39 mmoDo0.5 mm; 0.25 mmoDo0.39 mm; 0.15 mmo
Do0.25 mm; and Do0.15 mm) and sample/KBr mass ratio (1%,
5%, 10%, 20% and 50%) on the quality of the spectra. The condi-
tions that provided the best quality spectra (higher intensity and
lower noise interference) were Do0.15 mm and 10% sample/KBr
mass ratio.
2.3. Data analysis
PLS was employed for quantiﬁcation of adulterants (pure or
mixed) in roasted coffee samples using the DR spectra as chemical
descriptors, with adulteration levels ranging from 1% to 66% in
mass (see Table 1). To reduce the effect of noise, remove redundant
information and enhance sample-to-sample differences, the fol-
lowing data pre-processing (pretreatment) techniques were
evaluated: (1) no additional processing (raw data), (2) mean
centering, (3) absorbance normalization, (4) absorbance normal-
ization followed by mean centering, (5) area normalization,
(6) area normalization followed by mean centering, (7) ﬁrst
Table 2
Performance results of full spectrum PLS models based on different data pre-
processing techniques.
Data pre-treatment LV RMSEC (%) Rc RMSEP (%) Rv
None (raw data) 7 5.84 0.90 5.72 0.91
Mean centering (MC) 7 5.71 0.90 5.83 0.90
First derivatives+smoothing+MC 10 2.01 0.99 3.70 0.96
Absorbance normalization 12 2.68 0.98 3.55 0.96
Absorbance normalization+MC 12 2.28 0.98 3.18 0.97
Area normalization 12 2.71 0.98 3.59 0.96
Area normalization+MC 11 2.71 0.98 3.59 0.96
Multiple scatter correction (MSC) 12 2.40 0.98 3.10 0.97
Standard normal variates (SNV) 12 2.36 0.98 3.03 0.97
LV: latent variables; Rc: calibration correlation coefﬁcient; Rv: validation correla-
tion coefﬁcient.
Fig. 1. Regresssion coefﬁcients of the full-spectrum (3200–700 cm−1) PLS model
based on the ﬁrst derivative of spectra, followed by smoothing and mean centering.
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scatter correction (MSC) and (9) standard normal variates (SNV).
Mean centering corresponded to subtraction of the average
absorbance value of a given spectrum from each data point.
Absorbance normalization consisted of dividing (i) the difference
between the absorbance value at each data point and the mini-
mum absorbance value by (ii) the difference between the max-
imum and minimum absorbance values. Spectra derivatives are
commonly used for baseline correction, because they provide
visualization of small peaks that are difﬁcult to detect in the
original spectra. However, application also leads to a decrease in
the signal-to-noise ratio so a smoothing ﬁlter (Savitzky–Golay)
was employed to provide noise reduction. Multiplicative signal
correction (MSC), originally developed to compensate for the
effects of light scattering in reﬂectance spectroscopy, has become
a widely employed technique for removing general spectra drift
features such as day-to-day intensity variations. SNV is applied to
every spectrum individually. Once the mean and standard devia-
tion of all the data points of the spectra are calculated, every data
point is subtracted from the mean and divided by the standard
deviation [19].
The optimum number of latent variables (LV) for each model
was estimated by a cross-validation method (continuous blocks
with nine data splits) based on the smallest root mean square
error for cross validation (RMSECV). Model performance was
measured by evaluation of the root mean square errors for both
the calibration (RMSEC) and evaluation (RMSEP) sets, calculated as
follows:
RMSEC¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
∑ICt ¼ 1ðyi−y^iÞ2
IC
s
ð1Þ
RMSEP¼
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
∑IPt ¼ 1ðyi−y^iÞ2
IP
s
ð2Þ
where yi and ŷi correspond to the actual and predicted adultera-
tion levels of sample i, and IC and IP are the total number of
samples in the calibration and prediction (validation) sets,
respectively.
Model optimization was performed by detection and elimina-
tion of outliers. Outliers correspond to samples that are very
different from the rest of the data set, and their detection is
crucial when developing multivariate models. In this study, outlier
detection was based on the method discussed by Botelho et al.
[20], which is appropriate for the detection of samples with
extreme leverages, e.g., large residuals in the X block (data) or
large residuals in the Y block (model response). If a sample
presents a leverage (measure of the inﬂuence of each sample on
the PLS model) larger than a limit value, it is considered an outlier.
This limit can be deﬁned as three times the ratio of the number of
latent variables to the number of samples [21]. Outliers were
detected by evaluating the plots of leverage vs. Student t residues
(for calibration data) and of Hotelling's T-squared distribution vs.
Q-residues (for calibration and validation data). MATLAB (The
Math Works, Natick, Massachusetts) and PLS Toolbox (Eigenvector
Technologies, Manson, Washington) statistical packages were
employed for the chemometric calculations.70012001700220027003200
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Fig. 2. Average normalized diffuse reﬂectance spectra obtained for (—) roasted
coffee, (       ) roasted coffee husks, ( ) roasted corn, (- - -) roasted barley
and ( ) spent coffee grounds.3. Results and discussion
PLS models were constructed by using the data obtained from
100 samples of adulterated coffee and 45 samples of pure coffee. The
calibration and validation sets consisted of a total of 97 and 48
samples, respectively. The results obtained for the PLS models
based on the full-spectrum approach and employing the differentpre-processing techniques cited in Section 2 are presented in Table 2.
The model that was based on raw data was not considered to be
satisfactory because it presented a larger calibration error and a
smaller correlation factor than the models that were based on treated
data. The pretreatments that provided a signiﬁcant improvement
in model performance, i.e., a decrease in RMSEC and RMSEP
values coupled with an increase in correlation values, were the
following: normalization, ﬁrst derivative, MSC and SNV. Mean
centering alone was not effective, although it improved model
performance when coupled with absorbance normalization. The
model obtained with the data submitted to ﬁrst derivative followed
by smoothing and mean centering presented the best performance
with respect to the calibration set. Therefore, it was chosen as the
most appropriate of the pre-treatment schemes tested. Although
other techniques such as MSC and SNV presented slightly better
N. Reis et al. / Talanta 115 (2013) 563–568566performance in terms of validation, the number of latent variables
(LV) was higher. LV selection for each model was based on the
smallest value of RMSECV.Table 3
Performance results of PLS models based on different data ranges.
Wave number range (cm−1) LV RMSEC (%) Rc RMSEP (%) Rv
3200–700 (full spectrum) 10 2.01 0.99 3.70 0.96
3200–2730 and 1800–700 10 1.96 0.99 3.74 0.96
1800–700 10 2.15 0.99 3.86 0.96
1800–1200 6 5.16 0.92 5.60 0.91
1200–700 10 2.43 0.98 6.18 0.90
LV: latent variables; Rc: calibration correlation coefﬁcient; Rv: validation correlation
coefﬁcient.
Table 4
Results for the optimization of the PLS models by detection of outliers.
Model 1st 2nd 3rd
Number of calibration samples 97 90 88
Number of validation samples 48 45 44
LV 10 8 10
RMSEC (%) 1.96 1.76 1.61
RMSEP (%) 3.74 2.77 2.34
Rc 0.99 0.99 0.99
Rv 0.96 0.98 0.98
LV: latent variables; Rc: calibration correlation coefﬁcient; Rv: validation correlation
coefﬁcient.
Fig. 3. Outlier removal strategy based on (a) leverage vs. Student-t-student residues p
samples; validation samples).We evaluated the plot of model regression coefﬁcients (see Fig. 1)
to verify the feasibility of improving the predictive ability of the
model. The spectral regions that affect model performance are those
that present higher absolute values for regression coefﬁcients, e.g.,
3200–2730 (moderate intensity) and 1800–700 cm−1 (high intensity).
Such regions are also highlighted in Fig. 2, where average normalized
spectra of pure coffee and adulterants are shown.
The two sharp absorption bands seen at 2924–2925 and
2852 cm−1 are indicative of compounds containing long linear
aliphatic chains and, given the presence of absorption bands above
3000 cm−1, some of these might be unsaturated. Thus, these bands
can be partly assigned to unsaturated and saturated lipids [5]
present in coffee, corn and barley oils. Similar bands have also
been identiﬁed in spectra of roasted [4,5,22] and raw coffee
samples [15,16], as well as in spectra of caffeinated beverages
such as coffee, tea and soft drinks [23], with the second band
(∼2852 cm−1) attributed to stretching of C–H bonds of the methyl
(–CH3) groups in the caffeine molecule. It is interesting to notice
that the second band is less evident in the spectra of barley and
corn than in the other spectra because these grains do not contain
any caffeine. The amounts of lipids reported to be present in barley
(1.9–2.87%) and coffee husks (1.5–3%) are lower than those in
coffee beans (12–16%) and corn kernels (3–5%) [5,24]. Thus, such
bands are probably affected by both caffeine and lipid levels in the
case of coffee, but only by caffeine in the case of coffee husks.
These bands are attributed to lipids in roasted corn, roasted barley
and spent coffee grounds. Most of the caffeine present in roasted
coffee will be extracted during the production of soluble coffee,
whereas the lipid fraction is only partially extracted. Thus, thelot and (b) of Hotelling's T-squared distribution vs. Q-residues plot ( calibration
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Fig. 4. (a) Experimental vs. predicted values of adulteration (% w/w) of coffee
samples based on the optimized PLS model (3200-2730 and 1800-700 cm−1) after
outlier removal. (b) Residual vs. adulteration levels (% w/w) of coffee samples based
on the optimized PLS model (3200-2730 and 1800-700 cm−1) after outlier removal
( calibration samples; validation samples).
N. Reis et al. / Talanta 115 (2013) 563–568 567resulting spent coffee grounds will be essentially devoid of caffeine
but still contain lipids.
Absorbance peaks in the 2730–1800 cm−1 range did not inﬂu-
ence PLS results. Nonetheless, bands in the 2250–1850 cm−1 range
are expected to appear in all the matrices studied because they all
present complex chemical compositions and these bands are
usually associated with harmonic bands and combination defor-
mation bands of aromatic compounds. The fact that these bands
are signiﬁcantly more intense in the spectra of roasted corn and
barley than they are in the spectra of roasted coffee and husks and
spent coffee is an indication that they might be associated with
starch. They are attributed to the combination absorption bands of
bound phenolic compounds [25,26] such as ferulic and coumaric
acids and their derivatives or to absorption in the C–O stretching
region resulting from the interactions of starch and the residual
gluten in the presence of water.
The sharp bands at 1745 cm−1 have previously been identiﬁed
in FTIR spectra of roasted coffee [5] in association with the
carbonyl (CQO) vibration in esters (triglycerides) and aldehydes
and are also related to the lipid concentration. Many bands can be
viewed in all the spectra in the range from 1700 to 700 cm−1. This
result was expected because many substances that naturally occur
in coffee are reported to present absorbance bands in this range,
which is the double bond region [5]. One example is trigonelline, a
pyridine compound that is present in both crude and roasted
coffee and has been reported to present several bands in the range
from 1650 to 1400 cm−1 [27,28]. Chlorogenic acids present a
strong absorption in the 1450–1000 cm−1 range [29]. Carbohy-
drates also exhibit several absorption bands in the 1500–700 cm−1
region, so it is expected that this class of compounds will
contribute to many of the observed bands. The skeletal mode
vibrations of the glycoside bonds in starch are usually observed
in the 950–700 cm−1 range [30]. The sharp bands in the
950–700 cm−1 region coincide in the spectra of corn and barley
and are slightly shifted in relation to the bands in the spectra of
coffee, spent coffee and coffee husks. The differences in this region
could be associated with the differences in the types of polysac-
charide found in coffee and coffee by-products from those found
in the roasted grains, i.e., β-glycoside bonds in coffee and its by-
products (arabinogalactans, galactomannans and cellulose) and α-
glycoside bonds in corn and barley (starch).
Therefore, PLS models were rebuilt on the basis of the follow-
ing regions of the spectrum: (i) 3200–2730 and 1800–700 cm−1,
(ii) 1800–700 cm−1, (iii) 1800–1200 cm−1 and (iv) 1200–700 cm−1,
with the results displayed in Table 3 in comparison with the full
spectrum model (3200–700 cm−1). There was a slight improve-
ment in model performance, e.g., reduction in RMSEC, when the
model was restricted to the 3200–2730 and 1800–700 cm−1
regions. This model was chosen for optimization by detection
and elimination of outliers [20].
The outliers were detected at the 99% conﬁdence level, and the
results are summarized in Table 4. Outliers can be removed up to a
limit of 22% of the total number of samples, according to the Brazilian
and international guidelines [20]. Optimization of the validation set
was performed after terminating the optimization of the calibration
set. The rounds of outlier detection were limited to at most three, as
recommended in the literature [20,31]. The ﬁrst round of outlier
removal is illustrated in Fig. 3a and b. Seven outliers were removed in
Fig. 3a and nine (six calibration and three validation) were removed in
Fig. 3b. The calibration data targeted for removal in the leverage vs. the
plot of Student-t residues (Fig. 3a) included those selected in the
Hotelling's T-squared distribution vs. Q-residues plot (Fig. 3b), so a total
of 10 outliers (seven calibration, three validation) were removed in the
ﬁrst round. As it can be seen in Table 4, the best model was obtained
after two rounds of outlier removal, with three more samples being
removed in the second round. A third round of outlier detection didnot improve model performance. Therefore, nine outliers were
eliminated from the calibration set (corresponding to 9.3% of the
samples) and four from the validation set (8.3% of the validation
samples). Thus, the optimized PLS model for quantiﬁcation of adul-
teration was constructed with 88 calibration and 44 validation
samples, with 10 LVs, and accounted for 98.1% and 99.1% of the
variance in X (spectral data) and Y (adulteration concentration),
respectively. The parity plot of the optimized model is shown in
Fig. 4a. As it can be seen by examination of the plot, the model is
capable of predicting adulteration levels with accuracy. Residuals are
randomly distributed about the mean value, which is satisfactorily
close to zero, as is shown in Fig. 4b.
We further evaluated the performance of the model by adding
new samples at different levels of adulteration (0.5%, 2%, 6% and
8%) to conﬁrm the applicability of DRIFTS for the detection and
quantiﬁcation of adulterants in roasted and ground coffee. Also,
roasted coffee samples collected from supermarkets were added to
the validation set. These samples contained both coffee husks and
twigs (an adulterant that was not present in the calibration set) at
adulteration levels ranging from 2% to 3%. Because these samples
were not prepared in the laboratory and, thus, could be regarded
as “unknown” to the model, adulteration levels were established
by another laboratory (FUNED – Fundação Ezequiel Dias) according
to the ofﬁcial method employed by the Brazilian food regulation
agency (ANVISA), based on microscopic analysis [32]. The results
are summarized in Table 5.
Table 5
Performance results of PLS models obtained after inclusion of new adulterated samples.
Model LV RMSEC (%) Rc RMSEP (%) Rv
1 (reference model) 10 1.96 0.99 3.74 0.96
2 (new adulteration levels) 10 2.47 0.98 3.77 0.95
3 (samples from supermarket) 10 2.47 0.98 11.0 0.62
4 (without samples at adulteration levels over 20%) 8 2.08 0.87 3.05 0.71
5 (after removal of outliers) 12 1.23 0.95 2.50 0.82
LV: latent variables; Rc: calibration correlation coefﬁcient; Rv: validation correlation coefﬁcient. All models based on the data in the following wave number range: 3200–
2730 and 1800–700 cm−1.
N. Reis et al. / Talanta 115 (2013) 563–568568All the models presented on Table 5 were based on data
obtained in the 3200–2730 and 1800–700 cm−1 regions. For the
sake of comparison, the original model obtained in that range, as
presented in Table 3 (Model 1), was employed as a reference.
Model 2 was obtained after inclusion of new samples roasted in
our laboratory employing the same adulterants (barley, coffee
husks, corn, and spent coffee grounds) at adulteration levels
different from those presented in Table 1. There was an increase
in RMSEC and RMSEP values coupled with a slight decrease in
correlation coefﬁcients. This result was expected because of the
increase in the number and variability of samples. Model 3 was
obtained after adding the adulterated samples collected from
supermarkets to the validation set, while keeping the calibration
set previously employed. The main goal was to verify whether the
method would still be valid for samples that contained other
adulterants. RMSEC and Rc remained unchanged, given that no
new samples were added to the calibration set. There was a
signiﬁcant increase in RMSEP accompanied by a decrease in Rv,
indicating that the proposed model was not sufﬁciently robust to
deal with other adulterants. However, given that the range of
adulteration levels considered for building the model (0.5–66%)
was quite broad in comparison with expected adulteration levels
in commercial samples, we decided to restrict the upper limit of
adulteration to 20% in the calibration set, while still keeping the
supermarket samples in the validation set (Model 4). There was a
signiﬁcant decrease in both RMSEC and RMSEP values, which are
now similar to the values obtained for the reference model. Model
performance was further improved (Model 5) by removal of
outliers (two samples from calibration and one sample from
validation), with RMSEC and RMSEP values now quite similar to
those obtained for the optimized model presented in Table 4.
Outlier removal also provided an increase in correlation factors.
Such results conﬁrm that DRIFTS is a robust technique that can be
employed for detection and quantiﬁcation of multiple adulterants
in roasted and ground coffee.4. Conclusions
Partial Least Squares Regression-ﬁrst derivative calibration and
validation models were successfully developed and applied for the
detection and quantiﬁcation of multiple adulterants in ground,
roasted coffee, with adulteration levels ranging from 1% to 66% w/
w. The model was developed using a combination of the spectral
regions of 3200–2730 cm–1 and 1800–700 cm–1. The determination
coefﬁcients were 0.99 and 0.98 for the calibration and validation sets,
respectively, and the errors observed during calibration and valida-
tion were quite low, 1.23% and 2.67%, respectively. The main
advantages of using DRIFTS for the detection and quantiﬁcation of
adulterants in ground, roasted coffee are the simplicity and the fact
that hazardous solvents and reagents need not be used; highly
trained personnel are not needed to perform routine analysis in
quality-monitoring labs.Acknowledgments
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